Validation of the global land data assimilation system based on measurements of soil temperature profiles  by Wang, Lei et al.
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a  b  s  t  r  a  c  t
Soil  temperature  is a key parameter  in  the  soil–vegetation–atmosphere  system.  It  plays  an  important
role  in  the  land  surface  water  and  energy  cycles,  and  has  a major  inﬂuence  on  vegetation  growth  and
other  hydrological  aspects.  We  evaluated  the  accuracy  of  the  soil  temperature  proﬁles  from  the  Global
Land  Data  Assimilation  System  (GLDAS)  using  nine  observational  networks  across  the  world  and  aimed
to ﬁnd  a reliable  global  soil temperature  proﬁle  dataset  for future  hydrological  and  ecological  stud-
ies.  In general,  the  soil  temperature  proﬁle  data  generated  by  the  Noah  model  driven  by the  GLDAS
forcing  data  (GLDAS  Noah10  and  GLDAS  Noah10  v2)  were  found  to have  high  skills  in  terms  of  daily,
monthly,  and  mean  seasonal  variations,  indicated  by  smaller  bias  and  root-mean-square-error  (RMSE)
(both <3 ◦C) and correlation  coefﬁcients  larger  than  0.90.  Conversely,  the  Community  Land  Model (CLM)
results  (GLDAS CLM10)  generally  showed  larger  bias  and  RMSE  (both  >4 ◦C). Further  analysis  showed
that  the overestimation  by GLDAS  CLM10  was  mainly  caused  by overestimation  of the  ground  heat
ﬂux,  determined  by  the  thermal  conductivity  parameterization  scheme,  whereas  the underestimation  by
GLDAS  Noah10  was due  to  underestimation  of  downward  longwave  radiation  from  the  forcing  data.  Thus,
more accurate  forcing  data  should  be  required  for the Noah model  and  an  improved  thermal  parameteri-
zation  scheme  should  be  developed  for the  CLM.  These  approaches  will  improve  the  accuracy  of simulated
soil  temperatures.  To  our  knowledge,  it is the ﬁrst  study  to evaluate  the  GLDAS  soil temperatures  with
comprehensive  in situ  observations  across  the  world,  and  has  a potential  to facilitate  an overall  improve-
ment  of  the  GLDAS  products  (not  only  soil temperatures  but  also  the  related  energy  and water  ﬂuxes)  as
well  as a reﬁnement  of  the land  surface  parameterization  used  in  GLDAS.
© 2016  The  Authors.  Published  by  Elsevier  B.V. This  is  an  open  access  article  under  the  CC  BY-NC-ND. Introduction
Soil temperature is a key parameter in the soil–vegetation–
tmosphere transfer system. It plays an important role in the
urface water and energy exchange during land–atmosphere
xchanges (e.g., Cheviron et al., 2005; Yang et al., 2013) because
f its strong inﬂuence on soil physical properties (Chen and Kling,
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1996; Or and Wraith, 1999; Grant and Or, 2004; Bachmann and van
der Ploeg, 2002; Schneider and Goss, 2011). As a result, it is also
determined by energy ﬂux and soil properties. Soil temperature is
also a primary control on CO2 production in most soils across differ-
ent spatial and temporal scales (Lloyd and Taylor, 1994; Peterjohn
et al., 1994; Raich and Potter, 1995; Rustad and Fernandez, 1998;
Kirschbaum, 2000; Risk et al., 2002; Riveros-Iregui et al., 2007).
Accurate knowledge of soil temperature is needed for numer-
ous studies such as short-term forecasts (Godfrey and Stensrud,
2008; Fan, 2009), sub-seasonal and seasonal forecasts (Mahanama
et al., 2008) and vegetation growth (McMichael and Burke, 1998).
However, soil temperature proﬁles remain difﬁcult to measure at
regional to global scales, although land surface temperatures can
be retrieved from satellites with acceptable accuracy (e.g., Sun and
Pinker, 2003; Wan, 2008; Li et al., 2013).
der the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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Table  1
The observed soil temperature from nine observational networks and global land surface model outputs used in this study.
Soil temperature
datasets
Type Land use Number of
stations
Soil layers depth (cm) Temporal
resolution
Temporal extent
GLDAS CLM10 Numerical product Global product Global product 0–1.8, 1.8–4.5, 4.5–9.1,
9.1–16.6, 16.6–28.9,
28.9–49.3, 49.3–82.9,
82.9–138.3, 138.3–229.6,
and 229.6–343.3
3 h 200,201–201,212
GLDAS Noah10 Numerical product Global product Global product 0–10, 10–40, 40–100, and
100–200
3 h 200,201–201,212
GLDAS Noah10 v2 Numerical product Global product Global product 0–10, 10–40, 40–100, and
100–200
3 h 200,201–201,012
SGP  (North
America)
In-situ observation Crop and grass 20 Stations 5, 15, 25, 35, 60, 85, 125,
and 175
60 min  200,210–200,910
Mongolia
(Mongolia)
In-situ observation Grass 16 Stations 3, 10, 40, and 100 30 min  200,210–200,412
MDB  (Australia) In-situ observation Crop 18 Stations 3.5, 15, 45, and 75 30 min  200,210–200,805
SASMAS (Australia) In-situ observation Grass and crop 14 Stations 0–5 30 min  200,602–200,712
TP  (China) In-situ observation Grass 38 Stations 0–5, 10, 20, and 40 30 min  201,008–201,212
MAQU (China) In-situ observation Grass 20 Stations 5 30 min  200,807–200,908
HOBE (Denmark) In-situ observation Crop and forest 30 Stations 0–5, 20–25, and 50–55 30 min  201,001–201,106
REMEDHUS (Spain) In-situ observation Crop with some 24 Stations 5 30 min  200,504–201,212
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SMOSMANIA
(France)
In-situ observation Crop 21 S
Currently, in situ soil temperature observational networks are
ew and are sparsely distributed across the global. Thus, model-
ased soil temperature products are considered a reasonable
lternative. The Global Land Data Assimilation System (GLDAS)
Rodell et al., 2004; Rodell and Kato, 2006) was produced with
he goal of realistically simulating the transfer of mass, energy,
nd momentum between the soil and vegetation surfaces and the
tmosphere. The GLDAS may  be used to improve understanding
f soil water dynamics, plant physiology, micrometeorology, and
he controls on atmosphere–biosphere–hydrosphere interactions.
urrently, GLDAS drives four land surface models: Mosaic (Koster
nd Suarez, 1992a, 1992b), Noah (Chen et al., 1996; Koren et al.,
999; Ek et al., 2003; Betts et al., 1997), the Community Land
odel (CLM; Dai et al., 2003) and the Variable Inﬁltration Capac-
ty model (VIC; Liang et al., 1994). The output variables include
oil moisture and temperature at multiple layers, and all major
and surface water and energy ﬂuxes. However, soil temperature
roﬁle data are only available from the CLM model and the Noah
odel.
The objective of this study is to fully investigate the accuracy of
lobal soil temperature proﬁle products from the GLDAS by com-
arison with large-scale (greater than 1◦ × 1◦) and small-scale (less
ig. 1. The soil temperature observational networks used in this study, including SGP in 
s  well as HOBE, REMEDHUS and SMOSMANIA in European.s 5, 10, 20, and 30 60 min  200,803–201,112
than 1◦ × 1◦) in situ observations from nine networks under differ-
ent geographical settings and climatic controls.
2. Material and methods
2.1. Observational networks for the soil temperature proﬁle
Unlike other routinely available hydro-meteorological variables
(e.g., air temperature, and precipitation), the soil temperature pro-
ﬁle is rarely observed on a regular basis at meteorological stations.
It is even harder to build and maintain a larger scale (especially
greater than 1◦ × 1◦) observational network for multi-site measure-
ments of soil temperature proﬁles.
Nine in situ soil temperature proﬁle datasets derived from
large-scale (greater than 1◦ × 1◦) and small-scale (less than 1◦ × 1◦)
observational networks were used in this study (Table 1 and
Fig. 1). Three networks were distributed through the Coordinated
Enhanced Observing Period (CEOP) (Bosilovich and Lawford, 2002;
Koike, 2004; Lawford et al., 2006), located in the Southern Great
Plains (SGP, USA), Murray-Darling Basin Murrumbidgee (MDB,
Australia) and Mongolian Plateau (Mongolia, Kaihotsu et al., 2003),
USA, Mongolia in Mongolia, TP and MAQU in China, MDB and SASMAS in Australia,
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espectively. The aim of the CEOP, proposed under the Global
nergy and Water Cycle Experiment (GEWEX) and the World Cli-
ate Research Program (WCRP), was to coordinate the data from
EWEX Continental Scale Experiments (CSEs) and those from other
egions. The remaining six in situ observational networks are
rchived by the International Soil Moisture Network (http://ismn.
eo.tuwien.ac.at/ismn/), which is an international cooperation to
stablish and maintain a global in situ soil moisture database. These
etworks are located in the Skjern River Catchment in Denmark
HOBE, Bircher et al., 2011), the central part of Tibetan Plateau in
hina (TP, Yang et al., 2013), the source water region of the Yellow
iver in China (MAQU, Su et al., 2011), Zamora of Spain (REMED-
US), eastern Australia (SASMAS, Smith et al., 2012; Young et al.,
008), and southern France (SMOSMANIA, Albergel et al., 2008).
.2. Soil temperature proﬁles from GLDAS
The GLDAS was developed to generate optimal ﬁelds of land
urface states and ﬂuxes using land surface modeling and data
ssimilation techniques, by integrating satellite- and ground-based
bserved data to drive four ofﬂine Land Surface Models (LSMs,
odell et al., 2004). Observation-based meteorological forcings and
he best available analyses from atmospheric data assimilation
ystems are employed to force the models globally at multi-
le resolutions. The GLDAS data are archived and distributed via
he website of the Goddard Earth Sciences Data and Informa-
ion Services Center (http://disc.sci.gsfc.nasa.gov/hydrology/data-
oldings).
Because the available soil temperature outputs are only pro-
ided by the CLM model and the Noah model, these two model
utputs are evaluated against the observed soil temperature. The
LM used in the GLDAS includes superior components from the
ational Center for Atmospheric Research (NCAR) LSM (Bonan,
998) and the Biosphere–Atmosphere Transfer Scheme (Dickinson
t al., 1986). The CLM model developed by a consideration of
ubgrid-heterogeneity has been widely used in previous studies
e.g., Niu and Yang, 2006; De Lannoy Gabriëlle et al., 2006; Tian and
ie, 2008).
The Noah LSM (Chen et al., 1996; Koren et al., 1999) was pos-
tioned within the GEWEX Continental-Scale International Project.
he Noah has been used operationally within NCEP models since
996, and also has been shown to be effective in reproducing
bserved energy and water budget without the complexity of tiling
Robock et al., 2003) and also estimates the soil temperature for dif-
erent soil layers and time scales (Xia et al., 2013). Although some
nhancements were made in GLDAS version 2.0 including Noah
odel version upgrade, the largest difference between GLDAS 1.0
oah simulations and GLDAS 2.0 Noah simulations mainly arises
rom the change to the input forcing data. Both CLM and Noah are
riven by the same forcing data and parameters, including land
over and soils, in GLDAS version 1.0, in which the input forcing
ata are from constantly updated meteorological data. The largest
istinctions between the two versions arise from the parameteri-
ation schemes in the model itself. In the latest GLDAS version 2.0,
he input forcing data have been updated to the Princeton meteo-
ological forcing dataset (Shefﬁeld et al., 2006).
In this study, we evaluate the 3-h 1.0◦ × 1.0◦ soil temperature
roﬁles produced by the Noah (hereafter Noah10) and the CLM
hereafter CLM10; Dai et al., 2003) from GLDAS Version 1.0, as
ell as the Noah from GLDAS Version 2.0 (hereafter Noah10 v2)
gainst the observed values (Chen et al., 1996; Koren et al., 1999;
k et al., 2003; Betts et al., 1997). The CLM10 model produces soil
emperature proﬁles at 10 layers and both Noah10 models produce
 layers. More detailed information about the model data is shown
n Table 1.teorology 218–219 (2016) 288–297
2.3. Evaluation approach
Evaluation of the GLDAS products is a challenging task, because
conventional measurements of soil temperature proﬁles are usu-
ally made at individual points, while the GLDAS provides gridded
values for a much larger spatial extent (e.g., 1◦ × 1◦). In this study,
we aimed to use the large- (greater than 1◦ × 1◦) and small-scale
(less than 1◦ × 1◦) observational networks of soil temperature pro-
ﬁles for evaluating the GLDAS estimates with different land surface
models, by averaging multi-site in situ measurements at different
soil depths. Only large-scale networks with uniform distribution
were selected in our study to avoid the impact of station distri-
bution on the evaluation. For the small-scale (less than 1◦ × 1◦)
network, there is no impact of station distribution on the evalua-
tion results, because all stations were located within the same grid
cell.
In GLDAS, the division of the soil layer is different between
different land surface models. From the surface to 100 cm soil
layer, the CLM model has 8 soil layers (0–1.8, 1.8–4.5, 4.5–9.1,
9.1–16.6, 16.6–28.9, 28.9–49.3, 49.3–82.9, and 82.9–138.3 cm), and
both Noah10 models have 3 layers (0–10, 10–40, and 40–100 cm).
To better match the depths between the in situ observations and
the GLDAS simulations, the averaged values for the uppermost
three layers of CLM (0–9.1 cm), the uppermost four layers of CLM
(0–16.6 cm), and the values for the ﬁrst layer of Noah (0–10 cm)
were evaluated against the average of the observations for 0–5 cm
and 0–10 cm.  The soil temperature for the second layer of Noah
(10–40 cm)  and the averaged values for the fourth to the sixth lay-
ers of CLM (9.1–49.3 cm)  were evaluated against the average of the
observations at 10–40 cm. Finally, the averaged values for the sev-
enth to eighth layers of CLM (49.3–138.3 cm) and the third layer of
Noah (40–100 cm)  were also evaluated against the average of the
observations at 40–100 cm.  Weighted averages were produced for
corresponding soil layers of the in situ observations and the GLDAS
simulations for 0–5, 0–10, 10–40, and 40–100 cm.
The model performance is evaluated using the mean bias (BIAS),
the root-mean-square-error (RMSE), and the coefﬁcient of variation
(CV). These are deﬁned as follows:
BIAS =
N∑
i=1
Ai − Bi
N
(1)
RMSE =
√√√√ N∑
i=1
(Ai − Bi)2
N
(2)
CV =
√√√√1
n
N∑
i=1
(Ai − A¯)
2
A¯
(3)
where N represents the number of months of the study period, and
Ai and Bi are from the daily or monthly observed soil temperature
and the GLDAS values, respectively.
Because most in situ observational data are only available after
the year 2000, we  evaluated the soil temperature proﬁles of GLDAS
beginning in 2000, focusing on daily, monthly and seasonal time
scales.
3. Results
Soil has three important thermal properties: thermal conductiv-
ity, thermal diffusivity and volumetric heat capacity, all of which
are crucial in determining the land surface energy and water bud-
get. Soil thermal conductivity can be calculated using the thermal
diffusivity and volumetric heat capacity, while soil volumetric heat
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apacity is determined by soil composition and soil porosity (Van
ijk, 1963). As a result, the calculation of soil thermal conductiv-
ty is important to accurately estimate the soil temperature. In the
LM model, the soil thermal conductivity parameterization scheme
s from Farouki’s scheme (Farouki, 1981), while this parameter is
stimated using Johansen’s scheme (Johansen, 1975) in the Noah
odel. It is expected that a different simulated soil temperature
ill be estimated by each scheme across the world. In the follow-
ng we will evaluate the soil temperature from the GLDAS model
roducts among nine networks at the daily, monthly and seasonal
ime scales.
.1. Evaluation of soil temperature at the daily scale
To evaluate the model performance of soil temperature at the
aily time scale, the cumulative distribution functions act on the
n situ observations and the GLDAS model outputs for four soil
epths (0–5, 0–10, 10–40, and 40–100 cm)  (shown in Fig. 2). The
esults show that the three GLDAS outputs can reﬂect the general
istribution of soil temperature at the different soil depths. The
LDAS products can therefore reproduce the daily variation for
oil temperature, as indicated by the higher correlation coefﬁcients
larger than 0.90), with an exception of CLM10 at TP.
For the uppermost soil layers (0–5 or 0–10 cm), the CLM10
odel consistently overestimated the soil temperature for all
etworks except SASMAS and SMOSMANIA. The soil temperature
rom the Noah10 and the Noah10 v2 models clearly reproduced
he daily variability of observations, dominated by correlation
oefﬁcients greater than 0.90. However, they underestimated soil
emperature in all seasons for all networks except for SGP. The
oah10 v2 products display the best performance with the small-
st BIAS and RMSE relative to the other two models.
For the middle soil depths (10–40 cm), the three GLDAS outputs
onsistently overestimated the soil temperature at the SGP network
ompared with the observations; however there were concurrent
nderestimates at SMOSMANIA. The soil temperature from both
ersions of Noah10 underestimated the observed values at the TP
Obs CLM10 No
Soil temper
TP (0-10cm)
-30  -20  -10  0
Mongolia (0-10c
SGP (0-10cm)
MDB (0-10cm)
MAQU (0-5cm)
REMEDHUS (0-5cm)
SASMAS (0-5cm)
HOBE (0-5cm)
SMOSMANIA
(0-5cm)
-40 -30  -20  -10  0  10  20  30  40  50
0.8
0.6
0.4
0.2
0.0
1.0
0.8
0.6
0.4
0.2
0.0
0.8
0.6
0.4
0.2
0.0
0.8
0.6
0.4
0.2
0.0
0.8
0.6
0.4
0.2
0.0
ig. 2. Distribution of daily soil temperature (unit: ◦C) from GLDAS and in-situ measurem
nd  MDB  networks for the different soil depth for 0–5, 0–10, 10–40 and 40–100 cm.  The N
46  for HOBE, 427 for MAQU, 2832 for REMEDHUS, 699 for SASMAS, 1401 for SMOSMANteorology 218–219 (2016) 288–297 291
and MDB  networks, while the CLM10 produced overestimates at
these networks.
For the deeper soils (40–100 cm)  at the SGP network, the three
model products exhibited better simulated performance with a
correlation coefﬁcient of 0.99 compared with the observations,
although they consistently overestimated the values, especially in
the case of the CLM model.
The GLDAS Noah10 and Noah10 v2 therefore underestimated
the soil temperature for most of the networks, while the CLM10
tended to overestimate the soil temperatures at all networks except
for SMOSMANIA, especially for the peak values. An overestimation
of the thermal conductivity in the CLM model, already found at the
TP (Chen et al., 2012), may  be one of the reasons for higher soil
temperatures in the studied regions.
3.2. Evaluation of monthly soil temperature proﬁles
Figs. S1–S5 (shown in the Appendix) display the observed
monthly soil temperature proﬁles and the difference between the
observations and the GLDAS monthly soil temperature proﬁles at
the SGP, Mongolia, TP, MDB  and SMOSMANIA networks. The results
from the observations display a clear seasonal variation of soil tem-
perature from the topsoil to deeper soils. The temperature also
gradually decreases from the topsoil to the deeper soil layers.
Although there are different vegetation covers in the SGP  (crop-
land and grassland) and the Mongolia (grassland), the three models
display similar distributions of soil temperature (in Figs. S1 and
S2). In general, both versions of the Noah products (Noah10 and
Noah10 v2) performed better than the CLM10 product in describ-
ing soil temperature proﬁles, with a BIAS of 0.3–1.7 ◦C and RMSE
of 0.9–2.0 ◦C at the SGP and a BIAS of between −0.9 and −0.2 ◦C
and a RMSE of 0.9–1.3 ◦C at Mongolia (also see Table 2). However,
both Noah10 products performed an overestimation in the warm
seasons and an underestimation in the cold seasons; the CLM10
products consistently overestimated the soil temperatures.
As the highest elevation observational network of the nine
networks, the TP network is characterized by low biomass, high soil
ah10 Noah10_v2
ature (oC)
  10  20  30  40
m)
-40 -30  -20  -10  0  10  20  30  40  50
SGP (10-40cm)
TP (10-40cm)
MDB (10-40cm)
SGP (40-100cm)
SMOSMANIA 
(10-40cm)
ents at the Mongolia, SGP, TP, MAQU, SASMAS, HOBE, REMEDHUS, SMOAMANIA
umber of data points is 779 for Mongolia, 2491 for SGP, 884 for TP, 2037 for MDB,
IA, respectively.
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Table 2
Evaluation of monthly GLDAS soil temperature (unit: ◦C) with in situ observations. Bold values are the lowest error metrics. N
represents the number of data points used in the evaluation.
Observations GLDAS BIAS RMSE
SGP (N = 85) 0–10 cm soil layer CLM10 (0–10.0 cm) 4.4 4.8
NOAH10 (0–10 cm)  1.3 1.7
NOAH10 v2 (0–10 cm) 1.7 2.0
10–40 cm soil layer CLM10 (10–40 cm)  4.2 4.5
NOAH10 (10–40 cm)  0.7 1.1
NOAH10 v2 (10–40 cm)  1.2 1.5
40–100 cm soil layer CLM10 (40–100 cm) 4.1 4.4
NOAH10 (40–100 cm)  0.3 0.9
NOAH10 v2 (40–100 cm) 0.9 1.3
Mongolia (N = 27) 0–10 cm soil layer CLM10 (0–10.0 cm) 5.0 6.1
NOAH10 (0–10 cm)  −0.9 1.3
NOAH10 v2 (0–10 cm) −0.2 0.9
TP  (N = 29) 0–10 cm soil layer CLM10 (0–10.0 cm) 7.0 7.8
NOAH10 (0–10 cm)  −2.8 3.2
NOAH10 v2 (0–10 cm) −1.6 2.4
10–40 cm soil layer CLM10 (10–40 cm)  6.9 7.6
NOAH10 (10–40 cm)  −4.4 4.5
NOAH10 v2 (10–40 cm)  −1.0 1.2
MAQU  (N = 14) 0–5 cm soil layer CLM10 (0–5.0 cm)  1.3 3.6
NOAH10 (0–10 cm)  −2.7 3.0
NOAH10 v2 (0–10 cm) −3.8 4.5
MDB  (N = 68) 0–10 cm soil layer CLM10 (0–10.0 cm) 3.3 4.8
NOAH10 (0–10 cm)  −1.5 1.8
NOAH10 v2 (0–10 cm) −0.5 1.0
SASMAS (N = 23) 0–5 cm soil layer CLM10 (0–5.0 cm)  −3.5 3.8
NOAH10 (0–10 cm) −1.8 2.3
NOAH10 v2 (0–10 cm) −1.4 1.9
HOBE  (N = 18) 0–5 cm soil layer CLM10 (0–4.5 cm)  0.1 0.7
NOAH10 (0–10 cm)  −0.3 1.3
NOAH10 v2 (0–10 cm) 0.1 1.3
REMEDHUS (N = 93) 0–5 cm soil layer CLM10 (0–5.0 cm)  1.0 2.6
NOAH10 (0–10 cm)  −1.2 1.6
NOAH10 v2 (0–10 cm) −0.1 1.1
SMOSMANIA (N = 46) 0–10 cm soil layer CLM10 (0–10.0 cm) −2.2 2.3
NOAH10 (0–10 cm) −2.7 2.8
NOAH10 v2 (0–10 cm) −1.8 2.0
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a10–40 cm soil layer
oisture dynamic range, and a typical soil freeze–thaw cycle (Yang
t al., 2013). At this network, the CLM10 consistently overestimated
he soil temperature with both the BIAS and RMSE greater than 7 ◦C,
nd didn’t reproduce the repeating soil freeze–thaw cycle (Fig. S3).
oth Noah10 models had better simulations of soil freeze–thaw
ycles, but followed by negative biases. The soil temperatures of
oah10 v2 show improvements over those of Noah10, although
he Noah10 v2 data covers a shorter period.
At the MDB  network (Fig. S4), both Noah10 models show
imilar soil temperature proﬁles compared with the in situ obser-
ations, and the Noah10 v2 products show a smaller BIAS (−0.5 ◦C)
han the Noah10 products (BIAS = −1.5 ◦C). The CLM10 products
verestimated the soil temperature from January to August, and
nderestimated it for the other months, followed by a mean BIAS
f 3.3 ◦C and RMSE of 4.8 ◦C. However, at the SMOSMANIA network
Fig. S5), all three model products consistently underestimated the
oil temperature, especially for the cold seasons.
In short, the comparisons of soil temperature proﬁles at ﬁve of
he nine studied networks reveal that all three models can repro-
uce the gradual variation of soil temperature with the variation of
oil depth. However, the CLM10 model overestimated soil temper-
ture proﬁles, especially in the warm seasons at most networks.CLM10 (10–40 cm)  −2.1 2.3
NOAH10 (10–40 cm)  −3.1 3.5
NOAH10 v2 (10–40 cm)  −2.2 2.8
In addition, both Noah10 models display similar and comparable
distributions of soil temperature compared with the observations
and the Noah10 v2 shows better performance than the Noah10.
3.3. Evaluation of seasonal mean soil temperature
The mean seasonal variation of soil temperature and its
standard deviation (as indicated by error bar) at the nine networks
for 0–5 cm,  0–10 cm,  10–40 cm,  and 40–100 cm was evaluated
between the observations and the model results (Fig. 3). Table 2
lists the error metrics for these monthly values.
All three land surface models reproduced the seasonal vari-
ation of soil temperature but display different bias and range of
variation compared with the observed values. The three models
systematically overestimated soil temperature at SGP, possibly
because of the higher sensitivity of the thermal conductivity
parameterization schemes at this network. However, both Noah10
models underestimated the soil temperature at all networks
except for SGP. The performance of the Noah10 v2 was  better than
that of the Noah10 model with a smaller bias, although it covers
a shorter period. The performance of CLM10 was  slightly poorer
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rror  bar (unit: ◦C) (i.e., standard deviation of soil temperature) represents the vari
han both Noah10 models, as indicated by larger bias and range,
specially in the warm seasons.
Overall, the three models displayed the different simulated
bilities around the world. The CLM model showed a general over-
stimation except for SASMAS and SMOSMANIA networks, while
oth Noah10 model products performed better followed by con-
istent underestimations and the Noah10 v2 model results display
etter performance. In addition, the three models display smaller
iases in the uppermost soil layers than in the deeper soil layers.
. Discussions
These uncertainties of soil temperature in models originate
rom various sources, including the input meteorological forcing
ata and model parameterization schemes. We  investigate poten-
ial reasons for CLM10s overestimations and both Noah10 models’
nderestimations in the following sections, based on the input
eteorological forcing data and model parameters.
Because same forcing data were used, the different model
arameterization schemes between the CLM and the Noah models
re likely to cause discrepancies in their simulated soil tempera-
ures. The soil thermal conductivity is one of the most important
oil thermal properties. Different thermal conductivity parameteri-
ation schemes from Johansen (1975) and Farouki (1981) were used
n the Noah10 and the CLM10 models, respectively. Both thermal
onductivity parameterization schemes overestimated the thermal
onductivity, which was greater for the Farouki (1981) scheme from
he CLM10 model in particular (Chen et al., 2012). Higher thermal
onductivity parameterization scheme tends to generate a larger
round heat ﬂux, which thus causes the overestimation of soil tem-
eratures from top to deeper soil layers. A comparison of monthly
round heat ﬂux from the CLM10 and Noah10 outputs at the nine
etworks is presented in Fig. 4. The CV (coefﬁcients of variation)
alues are shown in the ﬁgures to emphasize the variation of the
mplitude. In general, the CLM10 (with larger CV values) overesti-
ates the amplitude of ground heat ﬂux more than Noah10 (with
maller CV values) in the summer (warm) and winter (cold) sea-
ons, especially for areas with short vegetation (SGP, MDB, MAQU, in-situ measurements at nine networks for 0–5, 0–10, 10–40 and 40–100 cm.  The
f soil temperature during the study period of each network.
and REMEDHUS). At the daily scale, in periods without much dif-
ference in soil moisture between day-time and night-time, we  also
found that the CLM10 model overestimated the amplitude of the
ground heat ﬂux compared with the Noah10 model around mid-
day (warm) and midnight (cold) for regions with short vegetation
(SGP, TP, MDB, MAQU, and Mongolia, shown in Fig. 5). Therefore,
the difference in thermal conductivity parameterization between
the two  land surface models is likely to be responsible for their
different performance in soil temperature simulations.
The major difference between the Noah10 and Noah10 v2 mod-
els was the input forcing data. The radiation ﬂux is a dominant
factor in soil temperature. The ﬂux used in GLDAS Noah10 is
from the Air Force Weather Agency Radiation, while the ﬂux in
GLDAS Noah10 v2 is mainly based on the NASA World Climate
Research Programme/Global Energy and Water—Cycle Experiment
(WCRP/GEWEX) Surface Radiation Budget (SRB) datasets (Cox et al.,
2006). The GEWEX/SRB downward short—and longwave radiation,
measured based on an elevation correction from Yang et al. (2006),
have a consistently reliable performance in both ﬂat and high-
land areas. In the current study, taking the MDB  network as an
example, we compared the input and output radiation variables
between Noah10 and Noah10 v2 (Fig. 6). Comparable downward
shortwave radiation was found between Noah10 and Noah10 v2.
However, taking the GEWEX/SRB data as a reference, the downward
longwave radiation ﬂux from Noah10 showed larger underesti-
mates, which leads to overestimates in the net longwave radiation,
and underestimates in the simulated net total radiation. Therefore,
Noah10 tends to produce lower soil temperatures than Noah10 v2,
because of the lower net total radiation ﬂux. The same phenomenon
occurred in the Mongolia, SASMAS, and REMEDHUS networks,
where the GLDAS Noah10 v2 outputs were available.
Even with updated forcing data, Noah10 v2 still slightly under-
estimated soil temperatures in most sparsely-vegetated networks
(e.g., MDB, TP, SMOSMANIA, Mongolia, SASMAS, and REMEDHUS).
This may  be caused by an overestimate of the thermal roughness
length by the Noah model in bare soil, sparsely vegetated or areas
with short vegetation (Hogue et al., 2005; LeMone et al., 2008;
Wang et al., 2011; Chen et al., 2011). This overestimation of thermal
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In addition to the parameterization scheme itself and the input
orcing data, the land cover is also another factor to directly inﬂu-
nce the soil temperature, because the ﬂuxes and storages of energy
nd water at the land surface are strongly tied to the properties of
he vegetation. Mean seasonal variations of LAI from the Global
and Surface Satellite (Zhao et al., 2013) products are shown to
eﬂect the conditions of vegetation growth (shown in Fig. 7). These
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more than both Noah10 models, especially in the summer (warm)
and winter (cold) seasons for the shorter vegetation regions (SGP,
TP, MDB, MAQU, and Mongolia). However, in the richer vegetation
regions (HOBE, SMOSMANIA and REMEDHUS), the CLM10 model
performance improved followed by decreased biases (shown in
Table 2). This suggests that the biases of soil temperature caused
by the thermal conductivity parameterization scheme in the CLM10
are decreasing and weaken due to the effect of rich vegetation.
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Soil temperature proﬁles from the GLDAS model outputs were
valuated by comparison with soil temperature proﬁles from ninelobal Land Surface Satellite product over the 2002 to 2012 periods.observational networks located around the world, at the daily,
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The CLM10 product produced overestimates of soil temper-
ature proﬁles, except for SASMAS and SMOSMANIA networks.
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he Noah10 and its updated version (Noah10 v2) generally pro-
ided realistic estimates of soil temperature proﬁles, although
hey underestimated all soil temperature values except for SGP. In
eneral, Noah10 v2 performed better than the Noah10 model for
stimating the soil temperature.
We conclude that three model products can reproduce the
epth-averaged daily, monthly, and mean seasonal variation of soil
emperature from the topsoil to the deeper soils, together with the
ertical soil temperature proﬁles, but there were clear discrepancy
nd shortcomings of the different models. The overestimation by
LM10 was mainly caused by the thermal conductivity parameter-
zation scheme, while the underestimation by Noah10 was  due to
nderestimation of downward longwave radiation from its forcing
ata. Although the performance of different land surface models
aries between networks and between soil layers, the Noah10 v2
odel results are most applicable for future studies because of its
igher accuracy.
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